We estimate a model of natural default probabilities conditional on credit ratings and macroeconomic drivers. The output is an issuer-specific expected default rate at variable horizons, which can be combined to form an expected default rate for a given portfolio of rated credits. This permits us, for the first time, to associate a default rate with a rating category conditional on the future path of the economy. In fact, the model outputs an entire issuer-specific transition matrix, of which default is only one possible state. The other states include the entire credit rating scale, as well as withdrawal. We are thus able to assign probabilities to the complete future path of a credit rating conditional on the economy.
I Introduction
Probabilities associated with ratings transitions, in particular to the default state, are often key inputs in credit risk models. Common practice is to collect historical frequencies for a given horizon in a transition matrix of the type presented in Table I .1 . This is certainly a reasonable thing to do, as any more elaborate statistical model is going to be centered around the same averages, but its limitations as a predictor of future rating migrations are fairly obvious: actual transitions are pro-cyclical and generally non-Markovian. As evidence of the first point, Figure I .1 compares the one year forward default rates with the one year forward change in the U.S. unemployment rate. 1,2 As evidence of the second point, Figure I .2 compares Kaplan-Meier estimates of the cumulative probability of downgrading for newly issued single-B issuers, those just downgraded, and those just upgraded. The probability of downgrading further is substantially higher for those credits which were just downgraded themselves, and substantially lower for upgraded issuers.
More sophisticated models of rating transition in general and default in particular have been advanced which address these concerns. Most share the drawback that they are horizon dependent, such that obtaining transition probabilities for different horizons requires different models. This is at least statistically inefficient, and at worst may yield contradictory forecasts.
In this paper we present a model of rating transition which may be applied at multiple horizons. We study the complete set of transitions, including to the states default and withdrawal. The result is a transition matrix which is conditional on issuer-specific characteristics and macroeconomic drivers. One can thus quantify for a particular rated credit (and hence any portfolio of credits) the probability of upgrading to a particular rating, or downgrading, or defaulting, or withdrawing, all over given horizons of interest. The model itself is of the familiar proportional hazards type.
The model conditions on issuer-specific factors including the current rating, whether the issuer was upgraded or downgraded into its current rating, how long the issuer has maintained its current rating, and how long the issuer has consecutively maintained any credit rating. We restrict ourselves to a parsimonious function of the macroeconomy and consider just two drivers: the unemployment rate and the high yield spread over treasuries. 3 A model of very similar structure is , in which rating transitions are driven by a dynamic latent factor as opposed to any observable factors. This may be seen as advantageous (besides being technically interesting), since it cannot be "wrong" provided the specification of the latent factor is correct, or disadvantageous, as forecasts and scenario evaluation become purely statistical exercises. Figlewski, Frydman and Liang (2006) is another duration model of rating transitions which evaluates the explanatory power of various macroeconomic drivers. However, where they do not need and thus do not specify the baseline transition intensities, our primary interest is in constructing a forecasting tool; we parameterize the baseline transition intensities and perform full maximum likelihood estimation. 4 Duffie and Wang (2003) condition on a Merton variable rather than credit ratings. This almost certainly offers improved discrimination in considering the transition to default, which is the sole focus of their study. But our focus is really all rating transitions. 5 We do not include a Merton variable because it would require us to model not only the dynamics of the Merton variable in addition to those of ratings, but to ensure at each point that a reasonable correspondence between the two was maintained. 6 Nesting the two remains an avenue of interesting future research.
Finally, a word about frailty. Some interesting recent research has been conducted modeling the dynamics of an unobserved factor in the context of proportional hazards models, see for example Duffie, Eckner, Buillaume and Saita (2006) and Koopman, Kraussl, Lucas and Monteiro (2006) . This is motivated from the observation that most macroeconomic specifications are unable to account fully for correlation across defaults, and it is well known that failing to account for unobserved heterogeneity can significantly bias subsequent parameter estimates. While we certainly do not dispute this, we would point out that many default models are constructed at the monthly frequency, and we would not expect any survey of the macroeconomy to explain the timing of defaults at such a high frequency. 7 Earlier versions of this research allowed for a time-invariant unobserved mixing factor, but in recent iterations this factor has not been significant and has subsequently been omitted. Future efforts may include incorporating a richer, dynamic frailty factor, but of course it does to some extent defeat the purpose of a forecasting model to attribute too much explanatory power to an unobservable. This paper is organized as follows. Section II describes the data, and Section III sketches the model. Examples of model output are presented in Section IV, while Section V is devoted to a brief discussion of parameter and economic uncertainty in the forecasts. Select parameter estimates are presented in Section VI. Section VII considers the performance of the model at multiple horizons conditional on perfect foresight of the economy. We recognize that in applications, that is not possible; our intention is to separate the performance of the transition model on the one hand from the performance (or lack thereof) of any particular economic forecasting model on the other. Section VIII concludes. 1  1  2  3  54  3  3  1  13 18  Caa3  0  0  1  1  2  3  3  45  3  3  13 25  Ca  1  1  1  1  2  2  43  3  19 28  C  0  1  0  2 6.0% 1 9 8 7 1 9 8 8 1 9 8 9 1 9 9 0 1 9 9 1 1 9 9 2 1 9 9 3 1 9 9 4 1 9 9 5 1 9 9 6 1 9 9 7 1 9 9 8 1 9 9 9 2 0 0 0 
II Data
The ratings data for this study are Moody's estimated senior unsecured ratings. For a detailed discussion, please see Hamilton (2005) . We collect rating transitions beginning July 1, 1982 and use data beginning January 1, 1987 for estimation. As such, there is no left censoring. The data are right censored as of January 1, 2007 and we treat this as random.
The issuer universe is all North American issuers, including financial institutions, utilities and corporates. 8 There are 7,181 issuers with 17,992 observed transitions or initial assignments. The ratings data provide essentially all of our issuer-specific information: the current rating, whether the issuer was upgraded or downgraded into this rating, how long the issuer has maintained this rating, and how long the issuer has maintained any rating. We will call this last factor the Age of the issuer, though that is something of a misnomer.
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Defaults are identified through Moody's proprietary default database which covers over 3,600 long-term bond defaults by both rated and unrated issuers. Defaults are defined to include missed or delayed interest or principal payments, bankruptcies, and distressed exchanges. In some cases, issuer ratings are withdrawn. We identify this as a separate exiting state but do not distinguish the reasons for withdrawal. Cantor & Hamilton (2007) present a thorough discussion.
Tables II.1, II.2 and II.3 present summary statistics of the ratings transition data. They distinguish those issuers that were newly assigned to a rating category, upgraded into a rating category, and downgraded into a category. Table II .1 reports that newly issued Caa2 issuers have a 10.1% chance of exiting directly to default, 10 while Table II .2 indicates that issuers upgraded to Caa2 have a lesser probability (5.0%) of direct default. These are almost incidental next to the value in Table  II .3 which reports a 45.1% probability of directly defaulting for those issuers downgraded into the Caa2 rating.
These summary statistics also indicate that newly assigned issuers almost always have longer average durations in a category than either upgraded or downgraded issuers to that category, which in fact have almost equal average durations. This is more pronounced in spec-grade ratings (e.g. the average duration for a newly assigned B2 rating is 10.5 quarters, while for issuers upgraded or downgraded to B2 the average duration is 7.3 and 7.0, respectively).
Conditional on exit (either upgrade, downgrade, withdraw or default), there isn't much difference in expected durations for newly assigned ratings, though there is some evidence that the longer one remains in a category, the more likely it is to withdraw. For the upgraded or downgraded issuers, there is strong evidence of momentum in the form of shorter durations conditional on exiting in the same direction and much longer durations conditional on reversing direction. This is more pronounced for investment-grade ratings. Our economic data include the U.S. civilian unemployment rate (BLS series LNS14000000). The high yield spread over ten year treasuries is provided by the Lehman high yield index. We study transitions at the quarterly frequency. Specifically, we sample the ratings database on the first of January, April, July and October of each year to determine if a rating transition has occurred. 11 We average our monthly economic data to obtain the quarterly value. 
III THE MODEL

Notation
We begin by establishing basic notational conventions. Consider the density governing the probability of transitioning from a rating category r to an exiting state s after elapsed time u conditional on no prior exit from r. This density is a function of elapsed time u in the rating category r, 12 observed (time-varying) covariates x t , 13 and an unobserved (time-invariant) mixing factor v: 14 where denotes the baseline transition intensity for rating category r to exit state s and is a strictly positive function of the observed covariates for rating category r to exit state s. These transition intensities are used, per usual, to obtain the densities governing the probability of exiting from rating r to state s at time u and the survival probability which is the probability of exiting after elapsed time u: 
Finally, we integrate over the marginal distribution 15 of v to obtain the empirical density:
This will be familiar as a standard application of the multiple-destination mixed proportional hazards model. Also familiar is the assumption of conditional independence across issuers. 16 In our application, time is measured discretely, thus we use (III.4) to obtain the probability of an exit to a particular state s occurring within a window of time (a, b] as:
Owing to the parameterizations discussed below, this simplifies to:
Restrictions
In practice, we do not estimate a free transition intensity from every rating category to every viable exit state, but instead impose certain restrictions across categories. In particular, we define three classes of ratings, the investmentgrade IG process, the non-C speculative-grade SG process, and the C process. Individual rating categories within these larger processes are distinguished only as scalar transformations of their underlying process. For example, the transition intensity for a Aaa rating is given by:
It is worth noting that there are virtually no restrictions imposed across processes. The parameters of the IG, SG and C processes are independent of each other. The only exceptions are those parameters related to the Age of an issuer which are constrained to be equal across processes but are independent across exit states.
Exiting States
One could define exiting states to be all other rating categories as well as the absorbing states default and withdrawal. This strikes us as impractical, and we instead distinguish the states upgrade, downgrade above C, downgrade to C, default and withdraw.
Not every rating process transitions to every exiting state. In particular from IG, one can upgrade, downgrade above C or withdraw.
17 All exiting states are viable from SG. Obviously from C, downgrade above C is undefined, but all other exit states are viable. Das et al (2005 
The choice of this distribution is at the discretion of the modeler. A common choice, and one which we have explored in the past, is a discrete distribution, under which of course the integral becomes a summation over finite states. This has a nice interpretation as a low-order quadrature approximation to any "correct" distribution. 16. For an interesting discussion of the conditional independence assumption, see
These exiting states apply to individual rating categories, not just whole aggregate processes. In other words, a particular IG rating can "exit to downgrade" to a different IG rating -not just downgrade from one aggregate process to another. Our use of aggregate processes simply imposes some structural discipline on our estimates: up to scale, all IG ratings are identical, having the same baseline transition shapes and the same betas to the macroeconomic drivers. But we track movements within the broader processes as upgrades and downgrades.
Of course, this implies certain rating category-specific restrictions beyond those described above. The Aaa category cannot exit to upgrade, even though the broader IG process has a defined upgrade transition. Similarly, the B3 category cannot exit to downgrade, but only to downgrade to C.
Conditioning Information
The issuer-specific conditioning information includes, in addition obviously to elapsed time u:
• Rating Category
As discussed above, the specific rating category determines the scale of the underlying process.
• Rating History
We condition on whether (and when) an issuer was upgraded or downgraded into its current rating. We allow a flexible dynamic response for up to 12 quarters following the upgrade or downgrade.
• Age
Age is here defined as how long the issuer has continuously maintained any Moody's rating. In those few cases where an issuer defaults or withdraws and later re-enters the data set, its Age is reset to 0. Age enters as a quadratic function, and is capped at 40 quarters.
• Cumulative Change in Unemployment
We condition on the cumulative change in unemployment since the issuer entered its current rating. The notion is that having endured a period of increasing unemployment should increase the probability of default and downgrade even if the current economic state is relatively strong.
The macroeconomic conditioning information is more elaborate. We apply a three quarter centered tent smoothing filter to both the unemployment rate and the high yield spread to filter out the highest frequency noise in each series. 18 The results are presented in Figures III.1 and III.2. For the high yield spread, we simply condition on this smoothed series. Our use of the unemployment rate is more elaborate. Time-series analysis indicates different frequency responses between the default rate and the unemployment rate; we therefore extract three different frequencies and condition on those. First, we first difference the (smoothed) unemployment rate to extract and amplify the high frequencies. Figure III .3 presents this from 1987. Second, we apply the Hodrick-Prescott filter (λ = 160000) to extract the cycle and long-run trend. Figures III.4 and III.5 present these also from 1987.
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The effect of this latter decomposition is evident in the sample period. The stochastic trend in unemployment is decreasing even as recessions cycle around it. Separating this downward trend from the cycle is critical for default analysis, since default rates by rating category are positively related to the trend but negatively related to the cycle. While this last result may seem counter-intuitive, in fact it makes sense: default rates are highest at the start of a downturn (when unemployment rates are low but increasing) as marginal companies are first hit with negative shocks. By the time the recovery starts (when unemployment rates are high but decreasing), these marginal firms have disappeared and default rates are least. 1 9 8 8 1 9 8 9 1 9 9 0 1 9 9 1 1 9 9 2 1 9 9 3 1 9 9 4 1 9 9 5 1 9 9 6 1 9 9 7 1 9 9 8 1 9 9 9 2 0 0 0 1 9 4 8 1 9 5 0 1 9 5 2 1 9 5 4 1 9 5 6 1 9 5 8 1 9 6 0 1 9 6 2 1 9 6 4 1 9 6 6 1 9 6 8 1 9 7 0 1 9 7 2 1 9 7 4 1 9 7 6 1 9 7 8 1 9 8 0 1 9 8 2 1 9 8 4 1 9 8 6 1 9 8 8 1 9 9 0 1 9 9 2 1 9 9 4 1 9 9 6 1 9 9 8 2 0 0 0 1 9 8 7 1 9 8 8 1 9 8 9 1 9 9 0 1 9 9 1 1 9 9 2 1 9 9 3 1 9 9 4 1 9 9 5 1 9 9 6 1 9 9 7 1 9 9 8 1 9 9 9 2 0 0 0 1 9 8 7 1 9 8 8 1 9 8 9 1 9 9 0 1 9 9 1 1 9 9 2 1 9 9 3 1 9 9 4 1 9 9 5 1 9 9 6 1 9 9 7 1 9 9 8 1 9 9 9 2 0 0 0 2 0 0 1 2 0 0 2 2 0 0 3 2 0 0 4 2 0 0 5 2 0 0 6 2 0 0 7
Parameterization
In this section we discuss details of our parameterization of the baseline intensities and covariate functions. We also discuss a structural shift in rating definitions that occurred in 1997.
• Baseline transition intensities We specify step-function baseline intensities where the values are given by a piecewise linear process. We estimate break points of the linear process at quarters {1, 2, 3, 4, 5, 6, 8, 12, 16} and impose the scale normalization that for u ≥ 20 quarters.
• Covariate functions
:
We follow standard practice and assume .
• Pre-1997 structural changes: 1997 saw the introduction of Caa rating modifiers and the subsequent expansion in the use of all C rating categories. Some issuers which previously might have been rated B3 were moved into one of the new C categories. This, of course, changed the upgrade, downgrade and default dynamics of several rating categories. We capture this by allowing all means -the scale effects of rating categories in all transitions -to change post-1997.
Forecasts
We have defined exiting states upgrade and downgrade, but by themselves these do not specify to which specific rating category the issuer upgrades or downgrades. To make that determination, we use historical transition frequencies. These are presented in Tables III.1 through III. 3. To be clear, these matrices are conditional on the exit states upgrade, downgrade above C, and downgrade to C. For example, if an issuer transitions to the state upgrade, we consult Table III .1 to determine the probability of transitioning from its current rating to each specific rating; trivially, an issuer currently rated Aa1 can only transition to Aaa conditional on exiting to upgrade. If an issuer transitions to the state downgrade to C, we consult Table III. 3. The macroeconomy (and issuer-specific characteristics) change the absolute (and hence relative) probabilities of upgrade and downgrade, but not the probability of a d-notch change conditional on being changed. This is a binding restriction if we believe that large upgrades and downgrades are more likely in extremely good or bad economic times. 1 9 8 7 1 9 8 8 1 9 9 0 1 9 8 9 1 9 9 1 1 9 9 3 1 9 9 4 1 9 9 5 1 9 9 9 1 9 9 6 1 9 9 8 1 9 9 7 2 0 0 2 2 0 0 3 2 0 0 4 2 0 0 5 2 0 0 6 2 0 0 7 2 0 0 1 2 0 0 0 1 9 9 2 ) (x 
IV Model Output
We now present some examples of the model output. Our baseline forecasts will condition on a static economy with unemployment trend constant at 5.6% and the high yield spread constant at 530 bps, their sample averages. Table IV .1 presents the model output for a newly issued B2 credit. These are the probabilities that, conditional on this economic scenario, we would observe this credit in these states at the indicated horizons. For example, one quarter from now, there is a 96% probability that this issuer would still be rated B2. Twenty quarters from now, there is a 15% chance the issuer would have entered default and a 36% chance the rating would have otherwise been withdrawn. There is, therefore, only a 48% chance that the rating would still be outstanding, and this is distributed across the rating scale as indicated. There is only a 2.5% chance that this credit will transition to investment-grade over the next 20 quarters conditional on this economy Table IV .1 highlights the importance of considering the withdrawal state, especially over long horizons. In many, arguably most, applications, the relevant question would be, "assuming the rating otherwise remains outstanding, what is the probability it would have defaulted within 20 quarters?" In short, it is usually appropriate to adjust the probabilities for withdrawal. This, of course, is straightforward to do, 21 and the results are presented in Table IV .2. Now, with no possibility of the rating otherwise withdrawing over the next 20 quarters, we see that there is a 19% chance it would have defaulted by then, a 32% chance that it would still be rated B2, and a 4% chance it would have transitioned to investment-grade. 
We use the transition probabilities conditional on not withdrawing.
Figure IV.1 compares the five year cumulative default forecast 22 for a newly issued B2 credit with a three year old credit just downgraded to B2 and a three year old credit just upgraded to B2. There is little difference between the new issuance and the upgraded credit, but the default probabilities for the downgraded issuer are substantially greater. Four quarters hence, there is a 1.6% default probability for the new issuer versus 1.4% for the upgraded and 9.8% for the downgraded.
A seasoning effect is evident in Figure IV. 2. This presents the cumulative five year default probability for an original issue B2 credit as a function of the issuer age and time elapsed in the B2 rating. We see a significant increase, peaking at 12 quarters after which it slowly declines. In Figure IV .3, we compare this baseline forecast against an economy where the unemployment rate continues to be static at 5.6%, but the high yield spread steadily increases from 530bps to 1,060bps over the forecast horizon. As expected, the forecast under the deteriorating economy is substantially worse.
Table IV.2 Conditional Forecasted Probabilities for a Newly Issued B2 Rating
Quarters
Default rates have very different responses to different frequencies of the unemployment rate. Figure IV .4 compares the response to increases in the underlying trend from 5.6% to 6.6%, increasing the cycle from 0% to 1%, and constant first differences of 0.1%. We see a positive relationship with the trend and with differences, but a negative association with the cycle. The baseline forecast is repeated for reference. 
V Forecast Uncertainty
When generating transition probabilities, there are two sources of uncertainty: we have estimated model parameters, and we will generally be conditioning on an economic forecast. In this section we study these separately.
To incorporate parameter uncertainty into our forecasts, we can of course appeal to the Delta method. The results for our baseline forecast are presented in Figure V .1. The 95% confidence interval for the 20 quarter (adjusted) default rate ranges from 14.6% to 23.6%.
What about for a small portfolio? We will form an equal-weighted portfolio of new Baa2, Ba2, B2 and Caa2 issuers. For the 20 quarter forecast, the standard errors for the individual issuers are 0.3%, 1.4%, 2.3% and 5.1% respectively. For the portfolio, it is 1.8%. Figure V .3 plots the coefficient of variation for the individual issuers and for the portfolio. Perhaps surprisingly, they are monotonically decreasing with the forecast horizon. Beginning at the 7 quarter horizon, the coefficient of variation for the portfolio is less than any of its constituents. While there is a rather large degree of uncertainty for any individual issuer, we can be optimistic that it is decreasing as our portfolio size increases. The case of economic uncertainty is a bit different. We cannot appeal to the Delta method per se, because there are no "asymptotics" driving our forecast uncertainty to zero. We can, of course, apply the Delta method mechanics -that is, take a first order linear approximation to our function and apply the known economic forecast covariance matrix. Ideally we would perform a Monte Carlo analysis of the expected default rate as a function of the economic forecast, but this is computationally unfeasible for large portfolios (it takes nearly 1 second to generate a 20 quarter forecast for a single issuer). Yet a third option is to take a second-order approximation to the model and perform a Monte Carlo simulation on that. In general, we have found that a first-order approximation is very good, and that a Monte Carlo simulation applied to the second-order approximation is almost indistinguishable from the function itself. Considering the computational time required, we would recommend the first-order approximation as the best choice. Figure V .4 compares the these three estimates of standard deviation for our small portfolio around a simple VAR economic forecast. 23 Given the known expected forecast and covariance matrix and assuming Gaussian innovations, the Monte Carlo simulation consists of drawing 2,000 times from that distribution and generating 2,000 different estimates of the portfolio's expected default rate over the next 20 quarters. A second method consists of constructing a second-order Taylor approximation to the transition model, and then performing the same type of Monte Carlo simulation over that. The third approach is to apply the Delta method mechanics. 24 This, of course, is computationally the least costly. We see from Figure V .4 that all three approaches yield essentially the same answer.
There is, of course, more to the story than simply estimating the standard deviation. The distribution of default rates may not be symmetric, let alone Normal; a proper confidence interval would account for that. Our Monte Carlo simulation over the complete function indicates a 95% confidence interval for the 20 th quarter default rate forecast of 16.4% to 30.5%. The second-order Taylor approximation comes close, yielding an interval of 16.0% to 29.8%. The "Delta method" approach is the least accurate, suggesting an interval of 16.0% to 29.5%. Nevertheless, considering the computational costs, we believe the "Delta method" is the best choice. 
Since the details will change as the economic forecasting model changes
VI Econometric Estimates
In this section we present select details of our parameter estimates, organized by exiting state. Standard errors are estimated by the usual information matrix.
Default
We begin by examining our estimates of the baseline transition intensity from the non-C speculative grade ratings directly to the default state. Recall that the individual ratings Ba1 through B3 are just scale adjustments of the underlying aggregate process. Figure VI .1 presents this aggregate baseline up to scale (within the 50% confidence interval). Recall that we impose that all baselines are constant at the value "1" after 20 quarters, so the "units" of these figures are not well defined. We see that, aside from a slight bump at 4 quarters, the intensity is smoothly rising with elapsed time. Figure VI .2 presents the baseline intensity for the C aggregate process, again with the value normalized to 1 at 20 quarters. Unlike the non-C spec grade, the pattern here is much more erratic, with the intensity rising sharply after 12 quarters of elapsed time. Figure VI .3 compares the baseline intensity for new issuance with that of an upgraded or downgraded issuer for the SG process. The transition intensity is about half for the upgraded issuer, but the magnitude and pattern is significantly different for the downgraded issuer. Beyond the different magnitudes, the shape is different: default transition intensities peak in the first quarter following a downgrade, and then decay rapidly over the next 4 quarters until they are more or less constant thereafter. Figure VI .4 is analogous for the C process. However, in our dataset there are too few cases of upgraded C issuers defaulting to estimate a separate process. As with the SG process, default intensities actually peak in the first quarter following a downgrade and subsequently decay. Before turning to the coefficient estimates on the economic covariates, a few words of caution are probably warranted. It is not generally possible to ascertain the full effect of an economic covariate simply by looking at its coefficient on an individual transition process. For example, suppose we want to know the impact of an increase in credit spreads on default rates. There are four avenues by which such an increase can impact the observed default rate: it can increase the probability of transitioning directly from a rating to default, it can increase the probability of downgrading (which subsequently increases default rates, as we saw above), it can decrease the probability of upgrading or it can decrease the probability of withdrawing. 25 Any of these will result in an increase in the observed default rate. Nevertheless, a study of the individual coefficients is useful in ascertaining partial effects. The difference is somewhat analogous to partial versus general equilibrium analysis.
With that in mind, we now examine the coefficients of the economic covariates on the default transition intensity. Not surprisingly, increases to the unemployment rate increase the transition intensity for both the SG aggregate and the C aggregate. 26 The SG aggregate is positively related to the trend in unemployment as well, though the C aggregate is nominally negative. What may be surprising is that higher levels of the unemployment cycle are associated with lower default rates for both processes. This combination suggests that, all else equal, default rates are higher at the start of a downturn (low but increasing unemployment) and lower at the start of a recovery (high but decreasing unemployment).
The default transition intensity is positively related to the high yield spread for the spec-grade aggregate, but statistically and numerically it has no relation for the C aggregate. This would suggest that "bad credit environments" are already fully characterized by the distribution of C ratings. In other words, as credit conditions deteriorate and the spread widens, we would expect to see more C rated issuers, but given that an issuer already has a C rating, its probability of (direct) default is not changing with the spread. Table VI .2 presents the coefficient estimates for the withdrawal transition. 28 All three aggregates are positively if not always significantly related to the level of the unemployment cycle, and all three are, again to varying levels of significance, negatively related to credit spreads. Otherwise, the picture is somewhat mixed. For investment-grade ratings, withdrawal is positively related to the cumulative change in unemployment. For the C aggregate, withdrawals are negatively associated with the unemployment trend. Loosely speaking, the economic impact on the transition to withdrawal seems to be almost the mirror image of the transition to default. (-2.49 ) (-0.85) Upgrade Table VI .3 presents the coefficient estimates for the withdrawal transition. 29 All three aggregates are negatively (if not significantly) associated with the high yield spread and with the cumulative change in unemployment, as we would expect. Somewhat surprisingly, all three are positively, and usually significantly, related to the current change in unemployment. The effect of the unemployment cycle is mixed however. Higher levels of cyclical unemployment reduce upgraded transitions for the IG process, as one would expect, and this effect is more important statistically than is the credit spread. However, the association is positive for the C aggregate. The unemployment trend is insignificant in all cases.
Downgrade Above C
In Table VI .4 we report the coefficient estimates for the downgrade transition, excluding transitions to C level ratings. 30 The results are more intuitive than for the upgrade transition. Downgrades in both the IG and SG processes are positively related to the cumulative increase in unemployment (though the current increase warrants no additional weight) and the level of the high yield spread. Somewhat surprisingly however, SG downgrades are negatively impacted by the unemployment cycle and trend. 31 Downgrades are positively, and sometimes significantly, related to credit spreads and changes in unemployment. However, the cycle and trend are negatively related to downgrades, and for the SG aggregate significantly so. 
Downgrade to C
VII Evaluating the Transition Model
The model will generate probabilities of transition to every rating category as well as default and withdrawal. These probabilities are conditional on the path of the economy, specifically the unemployment rate and high yield spread over Treasuries. We can thus separate two distinct forecasting problems: forecasting the economy, and forecasting rating transitions conditional thereon. As it is well beyond the scope of this paper to discuss economic forecasting, we concentrate only on the latter problem. We thus present simulations to the default and withdrawal states at one and five year horizons given perfect foresight of the economic path. Is this merely an in-sample fit? The parameters are estimated in-sample, but to take just one example, a default forecast beyond one quarter requires generating probabilities of every possible transition in the interim (and every subsequent transition from every transition, and so on). Suppose a new issuer is assigned a B3 rating on January 1, 2000. On April 1, 2000 there is some probability that it will have been upgraded to one of several ratings, or downgraded to one of several ratings, or defaulted, or withdrawn. We must calculate all of those probabilities. From each one of those possible new ratings, the issuer may again upgrade or downgrade (or default or withdraw) on July 1, 2000. And so on. The "probability of default" within the next five years, given the five year path of the economy, requires good predictions of each of these transition probabilities. It is somewhat analogous to using a sample of data to estimate the parameters of a VAR, but then applying the VAR sequentially to see what would have been forecasted had we had the parameter values in hand at that time. We cannot say that the resulting forecasts are truly "out-ofsample," but neither are they trivially in-sample, as is the case when comparing data to a fit line from OLS, for instance. Figure VII .1 compares the actual and predicted one year default rates. For example, we form a cohort of all North American rated issuers on January 1, 2000, and see what percent of them we observe to default by January 1, 2001. We compare that with the average probability of default over that year generated by our model. Figure VII. 2 compares the actual with the predicted default rates over a five year horizon. In both cases, the correspondence is very tight: if we had known the path of the economy, and if we had had the model parameters in our hand at that time, our predictions would have been very accurate. Figure VII .3 and VII.4 present analogous comparisons for the withdrawal forecast. While few users are interested in withdrawal in and of itself, an accurate forecast of withdrawal is necessary to construct a good forecast of the withdrawal-adjusted default rate.
These are predictions over the entire North American rated universe, but since the model is fundamentally an issuer model, we can generate predictions for arbitrary portfolios. As an example, we will consider the single-B rated universe. In other words, we form cohorts of all issuers that are rated B1, B2 or B3 on the start date, and compare their observed and predicted default rates over one and five years in Figures VII.5 and VII.6. We continue to see very close correspondence. 
VIII Conclusion
We have constructed an issuer-level model of rating transitions which conditions on credit ratings and the future path of two economic drivers: the unemployment rate and the high yield spread over Treasuries. The model, an application of the multiple-destination proportional hazards type, separately identifies upgrades, downgrades, withdrawals and defaults. While the last transition is usually the object of greatest interest, rating changes themselves are often important. Generally speaking, the (partial) effect of the macroeconomic drivers conforms with expectations: downgrades and defaults are increasing with changes in the unemployment rate and the level of high yield spreads, upgrades are decreasing with spreads. One result which may appear anomalous is that defaults are decreasing with the level of the unemployment cycle. This may be explained by the timing of the business cycle: default rates are highest at the start of a downturn, which is characterized by low but increasing unemployment, and lowest at the start of the recovery, where unemployment is high but decreasing.
As a partial effect, recent rating actions generally outweigh changes in the economic environment when it comes to default transitions, especially over short horizons. Having been downgraded drastically increases the default transition for both the SG and C aggregates. However, since the economic environment impacts these rating actions, it remains true that the general impact of the economic drivers is significant, especially over long horizons.
Important avenues of research remain to be explored. In particular, it would seem useful to incorporate rating outlooks in any model of rating transitions. Perhaps some of the effects we currently attribute to recent rating actions are in fact due to their proxy for future rating actions, and conditioning on outlooks may reduce or even eliminate much of their importance. Further work might also include conditioning on more issuer-specific information, either financial data or a Merton variable of some sort. As discussed above, this does present added complications, but they are surely not insurmountable. 
A.2 Pre-1997 Scale Adjustments
